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Abstract To address the problem of stereo matching algorithms having low matching accuracy in non-occluded
regions, especially in the weak-textured regions, a non-local stereo matching algorithm based on edge constraint
iteration was proposed. Firstly, the proposed method combined the color and gradient information to construct a
matching cost computation function. Secondly, the minimum spanning tree structures of left and right images were
constructed, and the cost volumes were aggregated according to the smoothness information of the image.
Subsequently, a disparity map obtained by the winner-takes-all strategy was used for edge detection. The image
edges were then used as constraints to re-aggregate the cost volumes and optimize the results. Finally, dense
disparity maps were obtained by the disparity refinement process. The experimental results demonstrate that, for 31
pairs of images from the Middlebury test platform, the average mismatching rate in non-occluded regions of the
proposed algorithm is 8.35% . Compared with five existing methods, the proposed algorithm can effectively improve
matching accuracy in non-occluded regions.
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Fig. 2 First cost aggregation based on minimum spanning tree. (a) Cost aggregation from bottom to up;

(b) cost aggregation from up to bottom
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Fig. 3 Constraint-based second cost aggregation. (a) Cost aggregation from bottom to up;

(b) cost aggregation from up to bottom
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different parameters; (b) mismatching rate of images of group 2 under different parameters
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(e) MST-CD2; (f) proposed algorithm
F1 6 Mok 31 ARG b IR UL il 3R

Table 1 Mismatching rates of six methods in 31 groups of images

Mismatching rate /%

Stereopairs R
MST ST-2 CS-MST WCPSP MST-CD2 Proposed algorithm

Tsukuba 0.0526 1.49, 1.53, 1.77; 3.01 1.34, 1.43,
Venus 0.0521 0.25; 0.364 1.245 0.865 0.21, 0.17,
Teddy 0.038 6.01, 6.58 5.73; 3.744 5.92; 6.18;
Cones 0.026 2.87, 2.88; 4.42; 3.99; 3.22, 2.80,
Aloe 0.0193 5.025 4.42, 4.885 4.08, 4.19, 3.77,
Art 0.0346 10.245 9.98, 10.69¢ 8.38, 9.04; 7.844
Babyl 0.0131 10.505 4.20, 8.21, 3.34, 8.49; 4.96;
Baby?2 0.0332 17.966 15.96; 13.54; 3.25; 15.28, 10.54,
Baby3 0.0405 7.345 5.16, 5.59; 2.60; 5.98, 6.405
Books 0.0336 10.09; 10.03, 10.665 6.43, 9.67, 8.88;
Bowling1 0.0274 22.565 21.725 19.56; 11.37, 18.49, 21.35,
Bowling?2 0.0336 11.606 11.04; 10.11, 5.86 9.62; 6.30,
Clothl 0.0103 0.54, 0.51; 0.63; 0.69 0.45, 0.344
Cloth2 0.0262 4.19; 3.59, 4.35 2.44, 3.013 2.51,
Cloth3 0.0386 2.165 1.63, 2.904 1.64, 1.66; 1.71,
Cloth4 0.0213 1.50, 1.29; 1.88; 1.67; 1.10, 0.87,
Dolls 0.0461 6.165 5.10, 5.89; 4.07, 4.92, 5.06;
Flowerpots 0.0325 22.265 15.42, 16.79, 13.55; 18.52; 14.90,

151501-8
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Mismatching rate /%

Stereopairs R

MST ST-2 CS-MST WCPSP MST-CD2 Proposed algorithm
Lampshadel 0.0081 12.815 11.715 10.10, 10.33; 10.44, 8.86,
Lampshade2 0.0077 12.29; 13.305 12.08, 7.26, 10.75; 9.20,
Laundry 0.0308 11.42, 11.935 11.92, 12.07 10.94, 11.22,
Midd1 0.0429 23.155 21.23, 24.43, 28.83¢ 22.49; 20.36,
Midd2 0.0399 32.766 20.41, 20.57, 35.14; 30.87, 24.26;
Moebius 0.0259 7.87; 7.64, 7.57; 10.535 7.38, 7.53;
Monopoly 0.0149 20.25, 19.03, 21.03; 28.16¢ 19.45; 19.12,
Plastic 0.0336 46.69 38.77, 45.024 43.25; 45.88; 34.78,
Reindeer 0.044 9.67; 7.12, 9.79 6.12, 8.80, 7.37;
Rocksl 0.0281 2.765 2.35, 3.355 1.79, 2.25; 1.62,
Rocks2 0.0284 2.03; 1.66, 2.285 1.35; 1.60; 1.42,
Woodl 0.0101 11.925 4.87, 10.18, 2.85, 10.305 6.52;
Wood2 0.0188 1.10, 2.82; 3.174 0.78, 0.89; 0.73,
Average error /% — 10.89; 9.17, 10.01; 8.69, 9.78, 8.35;
Average rank 4.716 3.68, 4.68; 2.97, 3.26; 2.124
Average time /s — 0.78, 1.17, 4,135 3.54; 2.16, 1.74,

Note: The corner marks on the bottom right indicate the ranking.
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